Background: Accurate survival stratification in early-stage non-small cell lung cancer (NSCLC) could inform the use of adjuvant therapy. We developed a clinically implementable mortality risk score incorporating distinct tumor microenvironmental gene expression signatures and clinical variables.
Lung cancer is the leading global cause of cancer death, and nonsmall cell lung cancer (NSCLC) accounts for approximately 85% of all lung cancers (1) . Even when diagnosed in early stages, surgical resection cures only approximately 60% of patients, with the predominant mode of failure being distant recurrence (2, 3) . Currently, most patients with stage I NSCLC do not receive adjuvant systemic treatment after local therapy because several randomized studies have failed to show a benefit in unselected patients (4) (5) (6) . Adjuvant treatment would ideally be administered to groups at highest risk of disease recurrence and death (5) . While a variety of clinical (7) (8) (9) , pathological (10) (11) (12) (13) , and molecular/biological (14) (15) (16) (17) (18) (19) features have been proposed for risk stratification, no method has been incorporated into routine clinical practice.
Gene expression profiles have been shown to provide prognostic information in a variety of cancers (20) (21) (22) . Successful applications of expression profiling have yielded clinical tools with potential value for oncologists, for example for breast cancer (23, 24) , colon cancer (25, 26) , prostate cancer (27) , and non-Hodgkin's lymphoma (21, 28) . Various studies have proposed tools for prognostication in early-stage NSCLC (16) (17) (18) . However, efforts to translate gene expression-based methods into clinical use have met a number of pitfalls, including overfitting, lack of sufficient validation, interpatient histological heterogeneity, intratumoral heterogeneity, and lack of accounting for existing clinical variables (17, 18) . The use of expression profiles to identify high-risk groups has proven especially challenging within stage I NSCLC (17) .
An influx of publicly available expression profiles of lung cancer tissues has accelerated biomarker identification and validation (17, 29, 30) . Integration across studies can identify robust pan-cancer and cancer-specific prognostic expression markers and identify cell subsets influencing outcomes (31) . Here, we pooled multiple datasets to derive a molecular prognostic index (MPI) for stage I nonsquamous NSCLC that reflects multiple distinct aspects of tumor heterogeneity, including the tumor microenvironment. To facilitate clinical implementation, we developed and validated a quantitative real-time polymerase chain reaction (qPCR) assay readily applicable to routinely obtained formalin-fixed, paraffin-embedded (FFPE) tumor specimens. We integrated the MPI with clinical and pathological variables to determine a composite risk model (CRM), enabling individualized risk prediction that leverages both molecular and clinical characteristics.
Methods

Patients
Four cohorts of nonsquamous NSCLC patients were included: a cohort of merged, publicly available tumor gene expression profiles; a cohort of archived FFPE tumor specimens; a cohort with fresh tumor samples for cell sorting and whole transcriptome sequencing; and a Surveillance, Epidemiology, and End Results (SEER) database cohort. All aspects of this study were institutional review board approved prior to its initiation in accordance with the Declaration of Helsinki guidelines for the ethical conduct of research. All patients gave written, informed consent. Our study followed the Institute of Medicine report on translational omics and the Reporting Recommendations for Tumour Marker Prognostic Studies (REMARK) checklist (Supplementary  Table 1 , available online) (32, 33) . article
Lung Cancer Gene Expression Datasets
We identified seven datasets (Supplementary Table 2 , available online) comprising gene expression profiles of NSCLC patients for which survival data were annotated, from the Prediction of Clinical Outcomes from Genomics (PRECOG) database (31) .
Measurements from different platforms were combined into one meta-cohort (n = 1106) for analysis using the correlation structure of the underlying microarray data for normalization and standardization (Supplementary Methods, available online; deposited in Gene Expression Omnibus under accession GSE67639 with clinical annotations) and split into training/validation sets balanced for size and risk profiles (Table 1) . Data were obtained from two additional external microarray cohorts not included in the meta-cohort (GSE30219, GSE50081) ( Univariate prognostic value of the MPI is depicted as the hazard ratio (HR ± 95% confidence interval) for death in the meta-cohort microarray validation set within each of the indicated categories of age, sex, stage, differentiation (grade), and smoking status. The MPI was dichotomized relative to its median value in the training set to define 'high' vs 'low' risk and applied to the meta-cohort microarray validation set for the forest plot (two-sided log-rank test). FFKM = fragments per kilobase of exon per million fragments mapped; MPI = molecular prognostic index.
at Stanford University on May 25, 2016 http://jnci.oxfordjournals.org/ Downloaded from article ratio test) were assessed for robustness by resampling the data 1000 times. Deviations from the proportional hazards assumption were examined using the cox.zph function in R. Gene expression data for prognostic genes in the training set were clustered using AutoSOME (36) . Cluster memberships were assessed for enrichment of gene sets by hypergeometric test with an empirical false discovery rate correction for multiple hypothesis testing. The top five prognostic genes from each of four large clusters were integrated into a molecular prognostic index (MPI). A prognostic model based on age, sex, and stage was fit to SEER data (Supplementary Methods, available online). A composite risk model (CRM) score was defined as the combination of these indicators weighted by their coefficient in the multivariable Cox model. The relative prognostic value of models was compared using Net Reclassification Improvement (NRI) and Integrated Discrimination Improvement (IDI) (37, 38) . Receiver operating characteristic curves were produced using the survivalROC package (39).
Cell Sorting, Whole Transcriptome Sequencing, and PCR
Fresh human lung tumor samples (n = 4) were dissociated into single-cell suspensions for flow cytometry analysis and cell sorting. Total RNA extracted from sorted cell populations was reverse transcribed, amplified, and used to construct DNA libraries for sequencing. Additional details are provided in the Supplementary Methods (available online). RNA was purified from lung tumor tissue obtained from FFPE blocks (n = 98). Synthesis of cDNA was performed from 1 µg of total RNA using the High Capacity cDNA Reverse Transcription Kit (Applied Biosystems, Foster City, CA), and qPCR was performed using TaqMan Gene Expression Assays (Applied Biosystems) (Supplementary Table 3 , available online). Relative gene expression was determined by the ∆∆Ct method (40) .
Results
We assembled a compendium of nonsquamous lung NSCLC datasets from the literature, combining them into a meta-cohort containing 1106 patients ( Figure 1A) . We investigated the impact of training set size on prognostic power for two genes, SLC2A1 and LAMC2, which have been identified as prognostic in lung cancer previously (41, 42) . Three hundred fifty to 400 patients were required for reliable assessment of prognostic power (Supplementary Figure 1, available online) . Accordingly, we split the meta-cohort into training (n = 563) and validation (n = 543) sets balanced for clinical risk (Table 1) . We then identified 1012 genes whose expression was associated (P < .01) with survival in the training set. We included all stages of NSCLC because molecular determinants of outcome are likely shared across stages.
Identification and Functional Annotation of Prognostic Genes
NSCLC tumor specimens contain multiple cell types including malignant epithelial cells, stromal mesenchymal, endothelial, and infiltrating leukocytes (Supplementary Figure 2 , available online). Because individual prognostic genes might reflect distinct processes related to this complex tumor microenvironment, we clustered the gene expression profiles of the 1012 prognostic genes within the training cohort ( Figure 1B) . The four largest clusters were enriched for genes reflecting: 1) proliferation, 2) normal lung epithelial differentiation and luminal cell fate, 3) basal epithelial and stem cell fate, and 4) immune-related functions. Kaplan-Meier analysis based on the average expression levels of genes in these clusters revealed statistically significant patterns of favorable (Clusters 2 and 4) and adverse (Clusters 1 and 3) association ( Figure 1C) . We compared the four clusters to gene sets to assess enrichment of biological processes and pathways (Supplementary Table 4 , available online). Cluster 1 contained proliferation/cell cycle-related genes and was enriched for genes expressed in embryonic stem cells relative to differentiated cell types (43) and genes highly expressed in poorly differentiated cancer histologies (44) . Conversely, Cluster 2 shared genes expressed highly in differentiated cancer subtypes and in tracheal luminal cells (45) . Its expression was inversely associated with smoking history (P < .001, Fisher's exact test; data not shown). Cluster 3 contained genes highly expressed in airway basal stem cells and genes previously found to distinguish basal-like from luminal-like breast tumors (46) . Cluster 4 strongly overlapped with signature genes of immune effector cells and genes expressed in lymph nodes.
A Nine-Gene Molecular Prognostic Index for Nonsquamous NSCLC
Traditional feature selection of prognostic genes may result in a model based on a single aspect of tumor biology (eg, proliferation) 
To combat this, we built a molecular prognostic index that incorporates distinct biological themes. We selected the most statistically significant prognostic genes from the four biologically defined clusters above using a penalized regression approach to assess prognostic value and robustness (47) . The resulting model (Figure 2A ) comprised nine genes, including four whose expression was associated with adverse risk-MAD2L1 (mitotic arrest deficient 2-like 1), GINS1 (GINS complex subunit 1), SLC2A1 (solute carrier family 2 facilitated glucose (Figure 2A ). To characterize expression of these genes in tumor subpopulations, we performed RNA-seq on freshly sorted tumor cell subsets from stage I adenocarcinomas (n = 4) (Figure 2, B-D) . The nine MPI genes demonstrated cell type-specific expression profiles ( Figure 2B ) consistent with the average profiles of the clusters from which they derived ( Figure 2C ). The majority of transcripts for the MPI genes derived from epithelial or immune cells ( Figure 2D ). Adversely prognostic genes from Clusters 1 (GINS1 and MAD2L1) and 3 (SLC2A1 and KRT6A) displayed highest expression within EpCAM+ malignant epithelial cells. In contrast, FAIM3 (Cluster 4) was expressed predominantly in tumor-infiltrating leukocytes. The four genes from Cluster 2 were variably expressed within tumor subpopulations, consistent with existing knowledge regarding their expression patterns (eg, BCAM expression in epithelial and endothelial cells [48] ). Thus, expression of the genes comprising the MPI integrates processes involving both tumor and stromal cells.
Internal Validation and Independent Prognostic Value of the MPI
The MPI was strongly associated with overall survival as a continuous score in the meta-cohort microarray validation set (Table 2 and Figure 3A) . When patients were stratified into high vs low risk groups (relative to the training-cohort median), the MPI was statistically significantly associated with survival in the meta-cohort microarray validation set (HR = 2.42, 95% CI = 1.78 to 3.29, P ≤ .001, log-rank test) sets. It remained prognostically significant when considering only stage I nonsquamous NSCLC (HR = 2.28, 95% CI = 1.48 to 3.53, P < .001, log-rank test) ( Figure 3B ) of the validation set, and even within stage IA (HR = 2.99, 95% CI = 1.55t o 5.76, P < .001, log-rank test) ( Figure 3C ). The MPI was prognostic in the validation set within age, sex, stage, and grade subgroups ( Figure 2E ) and remained statistically significant in multivariate analyses (Supplementary Table 5 , available online). Furthermore, where sufficient data were available for assessment, it was prognostic within subsets of patients harboring both wild-type or mutant versions of KRAS, EGFR, ALK, or TP53, in both the microarray training and validation sets (Table 3) . Importantly, the MPI was also prognostically significant in multivariate analysis with the proliferation marker MKI67 (P < .001 for the MPI, and P = 0.23 for MKI67; data not shown), supporting that it captures proliferation as well as other aspects of tumor biology impacting survival. Finally, it was prognostic in two additional external cohorts published after its derivation (P = .003 in stage I patients of Rousseaux et al. [35] , and P = .034 in Der et al. [34] ) (Supplementary Figure 3, available online) .
External qPCR Validation of the MPI
We sought to implement the MPI as a qPCR assay that could be readily performed in clinical laboratories on FFPE specimens. We selected TaqMan real-time reverse transcription qPCR assays for the nine MPI genes, and for two control housekeeping genes (AGPAT1 and PRPF40A) that lacked prognostic association, and displayed stable expression relative to transcriptome-wide normalization measures (49) . We validated the qPCR-based MPI in an independent cohort of 98 patients treated at Stanford Cancer Institute (Table 1 ). All specimens were obtained by surgical resection and contained 50% or more tumor cells. RNA was successfully purified from FFPE specimens up to 14 years old (median = 6 years). The MPI was prognostic within stage I and stage IA patients in the qPCR validation set ( Table 2 ). Using cutoff values for high and low risk defined in the microarray training set, it stratified patients across stage I ( Figure 3D ) and within stage IA (HR = 3.95, 95% CI = 1.24 to 12.64, P = .01, log-rank test) ( Figure 3E ). The MPI remained statistically significant in multivariate analysis with key clinical and pathological variables (age, sex, stage, and grade) (Supplementary Table 5 , available online). To further evaluate the performance in qPCR data, we randomly selected 86 samples from the stage I patients of the microarray validation meta-cohort (equal to the number of stage I patients in the qPCR cohort) and tested the prognostic association of the MPI as a high vs low dichotomous variable. In 10 000 such simulations, the mean z-score for association of the MPI with survival was 2.2 (corresponding to P = .045) (Supplementary Figure 4 , available online), while in the qPCR cohort the actual z-score was 2.1 (P = .03). Hence, the statistical significance of the MPI was consistent with what would be expected in a cohort of this size given its effect size. These results confirm the performance of the nine-gene MPI as a prognostic tool in early-stage nonsquamous NSCLC and its applicability to FFPE samples.
One of the most adversely prognostic genes in the MPI, SLC2A1, encodes a major glucose transporter (GLUT-1) whose (50, 51) . We therefore compared how measurement of SLC2A1 mRNA using our method compared with measurement of GLUT-1 protein by immunohistochemistry (IHC) and FDG uptake on pretreatment PET imaging (Supplementary Figure 5 , available online). Expression of SLC2A1 from qPCR correlated with both GLUT-1 protein levels (P < .001) and with maximal tumor standardized uptake value (SUVmax; P < .01). Thus, SLC2A1 transcript levels are correlated with expression and function of its protein, two tumor characteristics previously shown to predict outcome (52-54).
Comparison With Other NSCLC Gene Expression Signatures
We compared the performance of the MPI with three other published signatures developed as potentially clinically applicable 222 214  203  181  155  122  119 108  94  80  60  48  137 135  127  116  101  78  26  24  21  17 at Stanford University on May 25, 2016 http://jnci.oxfordjournals.org/ Downloaded from article qPCR assays (16, 55, 56) by applying them to our training and testing meta-cohorts. All three were statistically significantly prognostic (all P < .001 in test cohort; data not shown). The MPI contained no genes in common with the other prognostic signatures. Because P values cannot be used to compare models, we computed net reclassification index (NRI) and integrated discrimination improvement (IDI) statistics for the MPI vs each of the three alternative prognostic signatures. The MPI outperformed all other signatures according to both NRI and IDI (P < .001 in each case) (Supplementary Table 6 , available online).
A Composite Molecular/Clinical Model for Predicting Survival in NSCLC
The MPI provided independent prognostic information when compared with standard clinical and pathologic covariates ( Figure 2E ; Supplementary Table 5 , available online), suggesting that combining them could create an even more robust risk index (17, 18) . For lung adenocarcinoma, previously proposed prognostic factors include age, sex, and stage (7, 9, (57) (58) (59) (60) . We utilized the SEER database to determine hazard ratios for death for these variables across a large, diverse population of over 28 000 patients (61 (Table 2) . We therefore combined the CPI and MPI to form a composite risk model (CRM), defined in the training set as (1.1*CPI+0.022*MPI), which stratified patients by risk of death in all microarray validation sets as well as the qPCR validation set ( Figure 4 , Tables 2 and 3) . The CRM identified patients at higher risk of death across all stages ( Figure 4A ), when restricted to stage I patients (HR = 3.43, 95% CI = 2.18 to 5.39, P < .001 by log-rank test in stage I patients of the largest microarray cohort HR; HR = 3.99, 95% CI = 1.67 to 9.56, P < .001 by log-rank test in stage I of the qPCR cohort) (Figure 4 , B and D, and Table 2 Table 7 , available online), as well as by survival ROC curves (Supplementary Figure 6 , available online) (38) . These data indicate that integration of molecular and clinical risk-associated variables using the CRM provides more robust assessment of prognosis than either index alone.
Discussion
Despite over a decade of effort, few prognostic gene expression signatures have made it to the clinic (62). We developed a ninegene qPCR-based expression predictor for survival outcome in early-stage nonsquamous NSCLC, validated it on FFPE tissues, and developed a composite risk index (CRM) that integrates it with other clinical variables. Both the MPI and CRM identify early-stage NSCLC patients at high risk for death, with patients in the high-risk group having an approximately 50% chance of death by five years.
We took deliberate steps to ensure robustness of the MPI. First, we utilized gene expression data from multiple technological platforms in the model training process, which encouraged selection of genes whose measurement is consistent and reproducibly associated with survival. Second, we performed internal and cross-platform external validation of the MPI. Third, we included genes from distinct clusters of survival-associated genes representing biological features of both tumor and stroma. We believe the latter to be a novel approach to prognostic model building with wide applicability. Finally, although applied to stage I NSCLC, we included all stages of tumors in the model training procedure to take advantage of prognostic information encoded in the gene expression profiles of higher stages that may have subtle but important effects within stage I disease.
Prior studies have proposed gene expression prognostic signatures for NSCLC (16, 17, 55, but have been limited by various shortcomings precluding independent validation (18) . Our approach aimed to overcome these hurdles, and we found that the MPI outperforms other signatures that satisfy key characteristics of clinical applicability (ie, qPCR assays validated on FFPE tissues), as assessed by NRI and IDI (16, 38, 55, 56) . As far as we are aware, our study is the first to provide a composite model that incorporates both gene expression and clinical data from a large, population-based database to leverage the independent prognostic content of these two types of data. The CRM provides greater predictive power than the MPI alone, underscoring the utility of this approach. Patients are increasingly being managed on the basis of targetable driver mutations, and it is therefore noteworthy that the MPI is prognostic within subsets of patients harboring either mutated or wild-type forms of EGFR, KRAS, TP53, and ALK.
Limitations of our study are similar to other gene expression-based prognostic models. NSCLC is known to harbor tumor heterogeneity, and samples from spatially distinct areas of a tumor can have inconsistent gene signatures (85) . While we validated the MPI and CRM in four independent validation sets, they were all retrospective in nature. In the future, it would be valuable to develop a signature that can also be applied to squamous cell carcinoma (SCC). However, similar to previous reports, we found that prognostic signatures for SCC are not robust; possibly because of the smaller sample sizes available for model building or because of intrinsic biological differences between SCC and non-SCC NSCLC (18, 59, 69) .
In conclusion, we envision that the MPI and CRM will be useful for assessing recurrence risk for patients with nonsquamous NSCLC. For clinical implementation, these results must be validated on additional cohorts using a Clinical Laboratory Improvement Amendments-certified assay and it would be interesting to compare alternative methods for RNA quantification to qPCR. Ultimately, prospective clinical trials will be required to determine whether the use of the MPI and CRM could guide decisions regarding adjuvant treatment and improve outcomes for high-risk patients.
